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The per-megabase cost of DNA sequencing has fallen so rapidly that problems in biology that were long thought intractable, such as
genetically cataloging entire ecosystems or complete surveys of genetic variation across a population, are becoming feasible.
Unfortunately, the computational tools for employing these vast datasets have not kept pace with the growth in sequencing capacity. As
such, there is a need for new computational tools that take advantage of recent advances in computing (such as accelerator computing and
cloud-based services) in a way that allows non-expert users to employ the full power of modern parallel architectures. We illustrate this
need for new algorithms and tools with three applications: population genomics, comparative genomics, and metagenomics.

Question 1 Research Challenge(s) (maximum ~1200 words): Describe current or emerging science or engineering research challenge(s),
providing context in terms of recent research activities and standing questions in the field.

With the advent of massively parallel DNA sequencing technologies (Shendure and Ji 2008), molecular biologists have begun to
experience directly the challenges inherent in very-large scale datasets. The field was arguably late to the party: physics, astronomy, and
climate science had had to learn to accommodate large data volumes at least a decade earlier (Stoughton et al. 2002; Lamanna 2004;
Meehl et al. 2007). The particle physics example is a useful one: the computing design of particle accelerators like the Large Hadron
Collider were explicitly designed with the expectation of very high rates of data arrival and comprise both permanent primary data storage
and near-real time data reduction to allow scientific discovery on more manageable dataset sizes (Lamanna 2004). Hence, we argue that
biologists should resist the temptation to manage these increasingly large datasets by seeking to trivially “scale-up” existing codes and
algorithms. Instead, the size of next-generation sequence datasets needs to be seen as a facet of a larger trend in science: the increasing
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complexity of the data, models and software needed for scientific discovery.

Computing is the key tool for managing these large data volumes (Schadt et al. 2010) and the problems posed by large datasets are
compounded by the belated arrival of the long-predicted demise of Moore’s Law for single-threaded CPU performance (National Research
Council (U.S.). Policy and Global Affairs. 2012). Thus, parallel and high-performance computation will necessarily play a central role in
attempts to derive insight from complex biological data. While the physics and chemistry communities have always been pioneers in high-
performance scientific computing, there is a history of the use of such platforms for biological problems in areas such as phylogenetics
(Korber et al. 2000), genetics (Conant et al. 2003), molecular dynamics and protein folding (Larson et al. 2002).

We will use three applications of next-generation sequencing as examples of the need not merely for “bigger” machines, hard drives and
tools but for new approaches: shotgun metagenomics, population genomics and comparative genomics at the scale of the full tree of life.
The first, shotgun metagenomics through next-generation sequencing, offers the opportunity to probe almost any microbial ecosystem in
effectively global detail. The price of this detail, however, is in large dataset sizes and long computational analyses: one of our own
relatively modest surveys of 16 sheep microbiomes generated 134 GB of compressed sequence reads. Such samples can be analyzed in a
matter of hours on a single CPU. However, emerging questions in metagenomics will require much larger data volumes and new analysis
techniques:

* Analyses of the structure and function of the microbiome over time, either from birth or after diet change or antibiotic treatment (Looft et al.
2012; Yatsunenko et al. 2012).

» Comparative metagenomics across ecosystems to understand the rules structuring them.

» Expression analyses of the microbiome, exploring the enzyme expression patterns of the ecosystem, potentially also in a time-course
framework (David et al. 2014).

* Tracing the spatial structure of a microbial ecosystem at either the landscape or global scale.

The second use of next-generation sequencing is population genomics: e.g., using sequencing to globally catalog all of the variation
between hundreds to thousands of individuals from a population. Existing analyses are relatively computationally efficient because they rely
on mapping reads from the sequenced individuals to a static reference genome (Langmead and Salzberg 2012). However, there are good
reasons to believe that important genetic differences are missed with such tools because differences in gene copy number or genome
architecture cannot be detected in this framework (Mackay et al. 2009). Hence, there will become a need to use much more
computationally intensive genome assembly tools for analyzing these datasets (Pop 2009). Current tools and approaches are simply
insufficient for genome assembly at these scales.

The third and final area using new sequencing paradigms is comparative genomics: better assembly tools would allow for genome-scale
tree-of-life analyses. One can hardly imagine the insights that might be gleaned from having complete genomes for tens to hundreds of
thousands of different species, but they would certainly revolutionize biology at all levels, from taxonomy to addressing the genotype-to-
phenotype (G2P) problem (Pigliucci 2010).

These three areas of genomics also have a second commonality beyond their dependence on high-throughput sequences: they can be
studied using a two-phase computational approach. The first phase involves string analysis problems involving matching and alignment
operations on large sequence datasets. The second phase involves correlating the results of the first phase across genes and genomes to
model or describe the resulting genomes and their function. Although there are a range of potential technologies that can be applied in the
second phase, we will focus for brevity on the set of very effective approaches involving networks. In our work, we used an analysis of the
metabolic networks of the microbes living in the vertebrate gut to show that the structure of this network differed in coherent ways
depending on the animals’ diet (Wolff et al. 2016). Again however, such network analyses will not easily scale to the larger dataset sizes
that are coming, and there is a need for developing new tools that address this problem. In population genomics, similar problems are
found: tools that rely on linear models of gene association between genes and traits can only explain a rather limited proportion of the
genetically-linked phenotypic variation between individuals (Mackay et al. 2009). Instead, new network-aware tools for linking genome-
scale variation data to phenotypes (Ayroles et al. 2009) are under development but will require new computational approaches to be fully
tractable. Finally, analyses of complete genomes across the tree of life could help to address classic problems in cellular biology such as
the structure of the gene regulatory network. A collaboratively hosted, configurable and extensible computational pipeline that provides
high-performance pattern matching and network operations scaling to large datasets, as well as effective network visualization tools, would
facilitate scientific discovery across all areas of genomics.

Question 2 Cyberinfrastructure Needed to Address the Research Challenge(s) (maximum ~1200 words): Describe any limitations or
absence of existing cyberinfrastructure, and/or specific technical advancements in cyberinfrastructure (e.g. advanced computing, data
infrastructure, software infrastructure, applications, networking, cybersecurity), that must be addressed to accomplish the identified
research challenge(s).
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All three applications above involve a string-matching phase, either mapping reads to a known database or the reads to each other (as in
genome assembly). While many fast, special-purpose tools such as BowTie (Langmead and Salzberg 2012) exist for specific problems,
these tools are not intended for the general analyses described above and are difficult to customize or port to arbitrary parallel
architectures. For instance, we are not aware of generally-available tools for mapping metagenomic reads to known genes, still less one for
the analysis of metagenomic metabolic networks. Instead, existing community tools, such as Galaxy and Qiime, are focused on taxa
identification and hence canalize research in the area to a particular set of questions (Caporaso et al. 2010; Afgan et al. 2016). Likewise,
existing network analysis tools like Cytoscape (Shannon et al. 2003) do not scale well beyond a few thousand nodes and limit the types of
network analyses allowed.

However, existing work (including ours) suggests that both string matching and network analyses computations can be accelerated on
massively parallel processors, such as Graphics Processing Units (GPUs) and Intel Phi devices. Originally designed as accelerators of
image and video processing, GPUs are massively parallel devices that have been successfully used to accelerate a broad range of
scientific computations from domains including computational chemistry, biology, physics, numerical analytics, weather prediction,
computational finance, linear algebra and data mining (Nvidia Corporation 2016). Despite their widespread use, GPUs require specialized
programming skills, and are particularly tricky to use for applications that include complex computation and memory access patterns, such
as those considered here. Intel Phi coprocessors, which also offer massive parallelism but can be programmed using more traditional tools,
are a viable alternative to GPUSs, but still require specialized skills to achieve substantial speedup over CPU codes. Therefore, a genomics
cyberinfrastructure that provides high-performance implementations of read matching and network analysis on massively parallel
processors while hiding the complexity of these codes and the hardware from the scientists can enable discovery on large-scale datasets.
For read matching, many existing genomics tools are based on a combination of BLAST-like approaches (Altschul et al. 1997), local
alignment (Smith and Waterman 1981) and suffix-tree methods. GPU implementations of these methods are available and can be
integrated in the proposed computational pipeline. However, these methods have limitations in terms of scalability and kind of pattern
matching operations they allow. Existing work has tackled scalability issues by either limiting the kind of pattern matching performed (for
example, excluding inexact string matching), or by introducing filtering steps that limit the pattern matching operations to a subset of the
inputs. These circumventions, however, limit the kinds of analyses that can be performed. More recently, there has been an increased
interest in automata-based approaches to pattern matching. Efficient implementations of automata-based pattern matching have two
potential advantages: first, they can scale to large datasets; second, they allow efficient implementations not only of exact-string matching,
but also of more general forms of pattern matching (e.g., inexact matching with a given or variable number of insertions, deletions and
substitutions), which can impact the specificity and sensitivity of the resulting read matches. The interest for automata-based solution has
been also sparked by the proposal of high-performance implementations of automata-based pattern matching (for example, on FPGA,
GPUs, and custom processors, like Micron’s Automata Processor). In order to allow usability, a computational genomics cyber-
infrastructure should hide from the user this complexity. In other words, the infrastructure should provide a high-performance pattern
matching phase which: (i) is configurable in the kind of pattern matching operations to be performed and the matching sensitivity required,
(ii) is accelerated on state-of-the-art parallel hardware, and (iii) seamlessly invokes the most suitable algorithmic implementation depending
on the kind of pattern matching required and the scale of the input datasets.

Efficient implementations of network analysis tasks can enable more extensive and comprehensive explorations of the correlations between
genes and genomes. The network analysis step can be based on several algorithms, such as the computation of the distance between all
pairs of nodes in a network (Dijkstra 1959), the computation of connected components, and a variety of clustering and bipartite matching
methods. Some of these algorithms have been successfully accelerated on GPUs (Harish and Narayanan 2007; Merrill et al. 2012; Li and
Becchi 2013; Nasre et al. 2013; Shuai et al. 2013; Li et al. 2014, Li et al. 2015), particularly on large networks, and these implementations
can be integrated in a computational genomics cyberinfrastructure. However, since the performance of network-based codes is very data-
dependent, existing codes must be modified, and new codes need to be implemented, to be suitable to the particular scale and structure of
networks emerging from computational genomics studies. Again, in order to allow usability, a computational genomics cyber-infrastructure
should hide from the user this complexity. In other words, the infrastructure should provide a high-performance network analysis phase
which: (i) is configurable and allows different kinds of network analysis, (ii) is accelerated on state-of-the-art parallel hardware, (iii)
seamlessly invokes the most suitable implementation depending on the characteristics of the network to be analyzed.

We argue that the NSF CyVerse cyberinfrastructure system is a very nature place to deploy such new tools and resources for three
reasons. First, considerable investment has already been made in this system. Second, the system allows for users with a range of
abilities, from those using predefined analysis pipelines run through the Discovery Environment to those employing more individual
approaches through tools like Atmosphere. Third and finally, CyVerse is already linked to large-scale parallel computing resources (e.g.,
Texas Advanced Computing Center) which have integrated coprocessors (GPUs and Intel Phi devices), allowing all users to access
powerful parallel computing hardware.
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Question 3 Other considerations (maximum ~1200 words, optional): Any other relevant aspects, such as organization, process, learning
and workforce development, access, and sustainability, that need to be addressed; or any other issues that NSF should consider.

The origins of high performance computing were arguably in the realms of the physical sciences and applied mathematics and focused
heavily on numerical approaches. As the need for high-performance computing in biology grows, the computing community will need to
provide parallel tools for other classes of computations, such as those involving strings and networks. At the same time, to be cost-effective
and sustainable, the solutions developed will need to run on community computing technologies such as mass-market CPUs, GPUs and
other parallel processors. Providing such solutions within the constraints of cost and hardware availability requires tightly collaborative
groups of computer scientists and biologists. These efforts, in turn, will contribute to the development of a workforce of biologists with
computational skills (including parallel and high-performance computing), and of computer scientists with a better awareness of issues
involved in real-world problems from biology.
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